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Abstract

Rice yield prediction before harvest enables farmers in optimizing the risk of yield loss and adoption of suitable agronomic
management practices. Remote sensing data captured using low cost RGB sensors mounted on drones offers a reliable
alternative to conventional methods. This study was conducted at ICAR-Central Rice Research Institute, Cuttack, Odisha,
India using different rice cultivars, with the objective of developing machine learning (ML) models for rice yield predic-
tion using predictor variables (vegetation indices) generated from data captured using RGB sensors. From 25 vegetation
indices (VIs) derived during the panicle initiation stage via RGB imagery, 17 were selected for model development using
the variance inflation factor (VIF) technique. Using the selected vegetation indices as a predictor variable, four machine
learning models gradient boosting machine (GBM), random forest (RF), artificial neural network (ANN), and support vec-
tor machine (SVM) were developed with rice yield as the dependent variable. Among all model, the RF model achieved
best prediction accuracy in predicting rice yield (RMSE=0.27 t ha!). The RF model predicted yield in the range of
3.16-5.50 (t ha™!). The coloration (CI), hue (H) and intensity (I) vegetation indices were identified as the most important
contributors in accurate prediction of rice yield across all the ML models. The study demonstrated that the proposed
approach is reliable and cost-effective method of the of rice grain yield prediction however, models need multi-season
and multilocational validation before suggesting a large-scale application.
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With the growing global population, the pressure is escalat-
ing to ensure food security. Rice, which serves as the staple
food for more than half of the world’s population, plays a
crucial role in meeting this demand (Chang 2024; Chu and
Yu 2020). In India, rice is crucial, providing sustenance to
more than 60% of the population, with the cultivated area
increasing from 30.81 million hectares in 1950-51 to 43.86
million hectares in 2020-21 (Das et al. 2023). However,
the challenge of feeding a growing population is intensi-
fied by climate change, which affects water, land, and labor
resources, requiring sustainable agricultural practices to
boost production while minimizing environmental impacts
(Tanaka et al. 2023).

Rice yield prediction is essential not only at national
scale, but also for smallholder farmers, as any reduction in
yield significantly impact food security, livelihoods, and
incomes (Hertel et al. 2010; Verma et al. 2021). For policy
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level decision planning at village level, accurate and timely
crop yield forecasts are essential. The yield predictions
also support crop insurance schemes in assessing the risks
posed by climate variability (Zhou et al. 2017; Murthy et
al. 2022). Rice yield forecasting is a critical tool to improve
agricultural policies and crop insurance schemes (Zhou et
al. 2017; Murthy et al. 2022), yet traditional field surveys
are labor-intensive and inefficient in resource utilization
(Ali et al. 2022). Recent advances in satellite-based remote
sensing and Unmanned Aerial Vehicle (UAV) technologies
have enabled cost-effective and high-resolution yield pre-
dictions across large agricultural areas (Mariotto et al. 2013;
Noureldin et al. 2013; Herzig et al. 2021; Zhou et al. 2023).
UAVs, in particular, when integrated with machine learn-
ing techniques, can improve yield prediction by capturing
detailed vegetation indices (VIs), including the Normalized
Difference RedEdge Index (NDRE) and Normalized Dif-
ference Vegetation Index (NDVI). This method has proven
effective for a variety of crops, including wheat, barley and
rice (Gong et al. 2018; Maimaitijiang et al. 2019).

Among the available sensers, RGB (Red, Green, Blue)
sensors mounted on UAVs offers a more accessible and
affordable alternative to multispectral sensors. These sen-
sors are effective for yield prediction, as they can capture
key crop attributes like canopy structure, growth stages, and
chlorophyll content (Kefauver et al. 2017) RGB cameras
are also cost-effective, widely available, and less affected
by adverse weather conditions, making them highly suit-
able for small-scale operations (Bagheri et al. 2013; Gong
et al. 2018). UAVs equipped with RGB sensors are capable
of providing a practical and efficient tool for monitoring
important crop characteristics such as plant height, chloro-
phyll content and biomass, offering a valuable solution for
smallholder farms (Gong et al. 2018; Maimaitijiang et al.
2019).

In modern precision agriculture, machine learning mod-
els such as artificial neural networks (ANN) (Fieuzal et al.
2017; Amaratunga et al. 2020), multivariate linear regres-
sion, and statistical models (Geipel et al. 2014; Zhou et

A

Fig. 1 Location of Study site in eastern India
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al. 2017; Gong et al. 2018; Peng et al. 2019) have become
integral to predicting crop yields. Among these, models like
support vector machine (Kuwata and Shibasaki 2016; Liu
et al. 2022a, b) and random forest (Breiman 2001; Li et al.
2020; He et al. 2021) have shown exceptional promise due
to their high predictive accuracy and flexibility in handling
non-linear data. These machine learning models along with
sensors mounted on drone are now seen as powerful tools
for yield estimation in diverse crop types, playing a key role
in addressing challenges posed by climate change and lim-
ited resources (Jhajharia and Mathur 2023; Shahhosseini et
al. 2020; Wang et al. 2021; Liu et al. 2022a, b). With the
above background, the specific objectives of this study were
to derive vegetation indices from RGB sensors and develop
machine learning model using these indices for rice yield
prediction.

Material and methods
Site description

This study was undertaken at ICAR-Central Rice Research
Institute, Cuttack, Odisha, located in eastern India (20°47'N
to 85°87'E) (Fig. 1). The on station experimental site is
approximately 50 m above sea level having a sub-humid
tropical climate, receiving around 1500 mm of annual rain-
fall with an average annual temperature of 27.6 °C.

Experiment details

A field experiment was conducted with 27 contrasting rice
varieties during Jan—-May 2024 (Rabi season). The nurs-
ery for the experiment was sown on 21st January 2024 and
transplanting was carried out on 13th February 2024. Vari-
ety to Variety isolation distance was 0.6 m. The varieties
with different crop durations (Early to mid-early), varying
yield potential and plant height were taken. The experiment
was conducted in a Completely Randomized Block Design
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(CRBD) with three replications and each plot size of around
18 m% The recommended fertilizer dose of 100:40:40 kg
ha™! (N: P,05: K,0) was applied and irrigation was pro-
vided as per crop requirement during different crop growth
stages. Additionally, another experiment was conducted
with varying nitrogen doses (0 kgha!, 20 kg ha!, 40
kgha™!, 60 kgha™!, 80 kg ha™!, 100 kg ha™', 120 kg ha™!
and 140 kg ha ') using two rice varieties, Pooja and Swarna
(the experimental detail can be accessed from Tripathi et al.
2024).

Image acquisition using unmanned aerial vehicle
(UAV)

The 1ZI, M3 Pro THS UAYV, mounted with CMOS sensor
was used for capturing 20-megapixel RGB images. Flight
duration of UAV was around 25-30 min. The RGB images
were acquired synchronising with the panicle initiation
stage of each variety (Table 1). The flight plan was prepared
using Litchi (Version 4.26.9) software and the images were
acquired under clear sky condition, with a view angle of 90°
from the vertical (NADIR view, at 20 m height above the
ground).

Table 1 Date of drone image acquisition for different varieties

S1. No. Varieties Date of image acquisition
1. CR Dhan 200 10/04/2024
2. CR Dhan 201 10/04/2024
3. CR Dhan 202 10/04/2024
4. CR Dhan 203 10/04/2024
5. CR Dhan 204 10/04/2024
6. CR Dhan 205 15/04/2024
7. CR Dhan 206 10/04/2024
8. CR Dhan-207 10/04/2024
9. CR Dhan 209 15/04/2024
10. CR Dhan 210 15/04/2024
11. CR Dhan 306 15/04/2024
12. CR Dhan 307 09/05/2024
13. CR Dhan 314 09/05/2024
14. CR Dhan 316 09/05/2024
15. CR Dhan 602 15/04/2024
16. Annada 10/04/2024
17. Naveen 10/04/2024
18. TN-1 10/04/2024
19. CR Dhan 324 10/04/2024
20. CR Dhan 312 10/04/2024
21. CR Dhan 317 10/04/2024
22. CR Dhan 805 10/04/2024
23. CR Dhan 807 10/04/2024
24. Vandana 10/04/2024
25. Sahabhagi dhan 10/04/2024
26. Tapaswini 10/04/2024
217. CR Dhan 326 09/05/2024

Selection of variables for model building

A literature review was conducted to identify VIs suitable
for predicting the crop yield and other crop biophysical
parameters. A total of 25 vegetation indices were derived
using the three bands of RGB image. VIF technique was
followed for identifying the 17 most relevant vegetation
indices suitable for predicting the yield. Other studies using
these 17 indices for predicting yield and other biophysical
parameters are also listed in Table 2. The derived equations
for the vegetation indices from RGB images are mentioned
in Table 3. The number of input variables plays a crucial
role in determining the effectiveness of ML models.

Minimizing the number of input variables improve the
reliability and usability of ML models by reducing their
overfitting. (Kuhn and Johnson 2013; Steyerberg and Ver-
gouwe 2014). In this study, the vegetative indices were
chosen using the VIF approach. The VIF-based variable
selection method selects the independent variables with the
least amount of collinearity between them after assessing
the collinearity between the variables (Valdivieso-Ros et al.
2023).

To identify multicollinearity among the predictor vari-
ables, VIF was set to a threshold value below 10. Variables
that exceeded this threshold were eliminated until every
variable that remained had acceptable VIF scores. The final
selection of 17 indices out of 25 was based on their VIF
values (Kumar et al. 2023).

In this study, variable selection was performed through
stepwise VIF analysis using the R pedometric package.
Predictor variables that had high R? and VIF values were
iteratively eliminated (Akinwande et al. 2015; Akbarian et
al. 2020; Aranguren et al. 2020; Han et al. 2020). Each itera-
tion reassessed the VIF values of the remaining variables to
ensure compliance with the set threshold (set at 10) (Kim
2019). The process continued until all VIFs were below the
threshold, and plot-specific VIs were extracted.

Statistical analysis

Descriptive statistics was calculated for all the generated
vegetation indices, used in model training. The measures
of central tendency and dispersion were analyzed for the
selected variables using R software (R version 4.3.2R Core
Team 2023).

Machine learning models for prediction of rice yield
In this study, four machine learning models were used. These
models included artificial neural networks (ANN), random

forests (RF), support vector machines (SVM) and gradient
boosting machines (GBM). The rice yield was considered as
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Table 2 The indices selected by variable Inflation factor and the plant parameters affecting these indices

Indices Parameters Reference
ExR Grain yield, Das et al. (2016),
Chlorophyll estimation, Zhou et al. (2017),
Leaf area index Guo et al. (2020),
Zeng et al. (2021)
ExG Leaf chlorophyll, Wan et al. (2019),
Grain yield Garcia-Martinez et al. (2020),
Sumesh et al. (2021),
Liu et al. (2024)
GLA Leaf area index, Hasan et al. (2019),
Yield Naik et al. (2023),
Zhang et al. (2024)
GMR Grain yield, Wang et al. (2013),0zrecberoglu et al. (2020),
Above ground biomass, Ge et al. (2021a, b),
Chlorophyll content, Liu et al. (2021)
Leaf area index
SCI Chlorophyll content Kawashima and Nakatani (1998),
Fernando Sanchez-Sastre et al. (2020)
MGRVI Leaf Area Index, Saberioon et al. (2014),
Above ground biomass, Bendig et al. (2015),
Dry biomass Lietal. (2019),
Cen et al. (2019)
I Total chlorophyll content Hu et al. (2010),
Chen et al. (2020)
GRVI Leaf area index, Bendig et al. (2015),
Leaf dry biomass, Qiu et al. (2022),
Leaf total nitrogen, Sanches et al. (2018),
Yield Zeng et al. (2021)
VARI Yield, Hunt et al. (2013),
Leaf area index, Zhou et al. (2017),
Above ground biomass, Lietal. (2018),
Dry biomass, Cen et al. (2019),
Chlorophyll content Lietal. (2019),
Lussem et al. (2018),
Widjaja Putra et al. (2018),
Pazhanivelan et al. (2023)
NDGBI Total Chlorophyll content Kawashima and Nakatani (1998),
Liu et al. (2021)
NDIg Leaf area index, Lee et al. (2013),
Dry mass, Widjaja Putra and Soni (2018),
Leaf area index, Qiao et al. (2022)
Chlorophyll and carotenoid pigment
RGBVI Above ground biomass, Bendig et al. (2015),
Dry and fresh biomass, Tilly et al. (2015),
Plant nitrogen concentration, Wang et al. (2022),
Leaf nitrogen concentration Liu et al. (2023)
b Above ground biomass, Liu et al. (2019),
Leaf area index, Maimaitijiang et al. (2019),
Total chlorophyll content, Yield Yue et al. (2019),
Blackmer et al. (1996),
Gupta et al. (2013),
Wei et al. (2015),
Feng et al. (2022),
Nakasagga et al. (2022)
g Dry biomass, Gerard and Buerkert (2001),
Leaf area index, Jia et al. (2007),
Yield Lee and lee (2013),
Wang et al. (2013),
Zeng et al. (2021)
H Total chlorophyll content, Leaf nitrogen concentration Zhang et al. (2005)
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Table 2 (continued)

Indices Parameters Reference

CI Chlorophyll content Abdullah et al. (2019)

ExB Aboveground biomass Maimaitijiang et al. (2019),
Plant height, Qiu et al. (2022)

Leaf area index,
Leaf nitrogen concentration
Plant nitrogen concentration,

Liu et al. (2023)

ExR Excess red index, ExG Normalized excess green index, GLA Green Leaf Algorithm, GMR Green minus red index, SCI Soil colour index,
MGRVI Modified green red vegetation index, / Intensity, GRVI Green—Red Vegetation Index, VARI Visible Atmospherically Resistant Index,
NDGBI Normalized Difference Green—Blue Index, NDIg Normalized red green difference index, RGBVI Red Green Blue Vegetation Index, B
Normalized Blueness Intensity, g Green Percentage Index, # Hue, CI Coloration indices, ExB Excess blue vegetation indices

Table 3 Equation for deriving the vegetation indices

Indices Formula Reference

ExR 1.4%r-g Meyer et al. (1999)

ExG 2*g-1-b Woebbecke et al. (1995)

GLA (2 g-—b)/(2 gtr+b)  Louhaichi et al. (2001)

GMR g-r Wang et al. (2013)

SCI (R-G)/(R+G) Shigeto and Nakatani
(1998)

MGRVI (E—H/(g*+17) Bendig, et al. (2015)

1 R+G+B Zakaluk and Ranjan (2008)

GRVI (g-r)/(g+1) Tucker (1979)

VARI (g-1)/(g+r-b) Gitelson et al. (2008)

NDGBI (G—-B)/(G+B) Shigeto and Nakatani
(1998)

NDIg (R-G)/(R+G+0.01) Wu (2016)

RGBVI (g-b*r)/(g*+b*r) Bendig et al. (2015)

b B/(R+G+B) Niu et al. (2018)

g G/(R+G+B) Richardson et al. (2007)

H atan(2*(R—G—R)/30.5 Escadafal et al. (1994)

*(G-B))
CI (r-b)/r Escadafal et al. (1994)
ExB 1.4b-g Qi et al. (1994)

ExR Excess red index, ExG Normalized excess green index, GLA
Green Leaf Algorithm, GMR Green minus red index, SCI Soil colour
index, MGRVI Modified green red vegetation index, / Intensity, GRVI
Green—Red Vegetation Index, VARI Visible Atmospherically Resis-
tant Index, NDGBI Normalized Difference Green—Blue Index, NDIg
Normalized red green difference index, RGBVI Red Green Blue Veg-
etation Index, B Normalized Blueness Intensity, g Green Percentage
Index, H Hue, CI Coloration indices, ExB Excess blue vegetation
indices,  Normalized red band, G Green band, B Blue band, R Red
band

the dependent variable, with the vegetation indices serving
as the predictor variables. R software was used for model
building and its assessment.

Random forest (RF) model

The Random Forest (RF) algorithm is an ensemble-based
machine learning technique that constructs multiple deci-
sion trees during the training phase and aggregates their
outputs to enhance predictive accuracy and robustness (Bre-
iman 2001). In addition to creating and aggregating several

decision trees, the Random Forest (RF) technique is use-
ful for calculating underlying correlations between the pre-
dictor and target variables. In this study, the randomForest
package in R was used to build the RF model by adjusting
its hyperparameters including splitting at each node (mtry)
and the number of trees (ntree) were two important hyper-
parameters that were modified to improve the model’s per-
formance. Approximately 80% of the dataset was allocated
for training the model, and the remaining 20% was used for
validation. The mtry value was optimized using the random-
Forest package having tuneRF function, which minimized
the Out-of-Bag (OOB) error to provide a reliable in-built
estimate of the model’s performance. The parameters for the
optimally tuned RF model were set to optimal number of
trees (ntree), as it resulted in lower error rates after hyper-
tuning of the model.

Gradient boosting machine (GBM) model

Gradient Boosting Machines (GBM) is an ensemble learn-
ing technique that builds predictive models sequentially
by minimizing errors from prior models. Each tree is built
sequentially to predict or adjust for the residual errors of
preceding model ensuring the new tree improves upon the
previous one (Charoen-Ung & Mittrapiyanuruk 2018).
GBM trains the newly added weak classifier as per the
negative gradient of the loss function of the current model
(Dev and Eden 2019). Moreover, the algorithm’s versatil-
ity supports both regression and classification tasks, which
makes a valuable tool in diverse decision-making contexts.
The GBM model was trained using the “caret” package and
tuned using “mlr” package and “tune () function.

Artificial neural network (ANN) model

Artificial Neural Network (ANN) technique is based on the
structure and functioning of the biological nervous system
(Gandhi et al. 2016a, b). The term “network’ in ANN’ refers
to the inter—connections between the neurons in the different
layers of each system that are able to modify their internal
structure in relation to a function objective (Dahikar and
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Rode 2014). Their ability to reconstitute the fuzzy rules gov-
erning the ideal solution for nonlinear problems makes them
particularly suitable for solving such types of challenges.
In this study, the ANN model developed using the nnet
package was used to create the ANN model. Several hyper-
parameters like hidden layer’s size (number of neurons)
and weight decay (decay) were adjusted to build the ANN
model. To evaluate the performance of each hyperparam-
eters configuration, cross-validation was carried out using
a grid of potential values. The cross-validated performance
was used to determine the optimal set of hyperparameters.

Support vector machine (SVM) model

The support vector machine is a robust and flexible ML
technique capable of handling both regression and classifi-
cation tasks. The “e1071” package in R was used to develop
the SVM model, utilizing the radial basis function (RBF)
kernel for the effectiveness in capturing intricate data pat-
terns. Hyperparameter optimization for cost and gamma
was performed through a grid search approach to ensure
optimal model performance.

Model assessment and evaluation

The performance of four machine learning models was
assessed using four metrics i.e., mean absolute percent error
(MAPE), mean absolute error (MAE), coefficient of deter-
mination (R?), root mean square error (RMSE) and normal-
ized root mean-square error (NRMSE) were used

(P -9 -26i-w?)

R? = — (1)
Yy —y)
2 (5 —u)”
RMSE = \/¥ )
MAE:Ei’yifyAz" 3)
n i=1
100% < | yi — yi
MAPE =
- ; 7 | (4)
MSE
NRMSE = ZM5E 4 00% (5)
y

Here, y,=Actual observed yield of rice, §;=Predicted
yield of rice by the model, §=Mean value of the rice yield
(observed), n=Total number of samples points and £=Sum-
mation over the specified values.

@ Springer

Estimation of the variable importance

Vegetation indices are essential in machine learning mod-
els, offering vital insights into vegetation health, including
biomass and chlorophyll levels, which support accurate eco-
logical forecasting. By capturing critical spatial and tem-
poral patterns, these indices improve model performance
in assessing risks (Ferchichi et al. 2022). Their integra-
tion enables consistent vegetation monitoring, aiding data-
driven decisions in environmental management. Variable
importance was calculated across all the models by evaluat-
ing the Gini impurity index, root mean squared error and the
impact of each variable on the predictive performance. The
variables with lower Gini impurity values were given more
importance while splitting a node across decision trees.

Generating the yield prediction map

The yield maps for the test site, which were not involved
in model development were created using the RF, GBM,
SVM, and ANN models through the predict function in the
Raster package in R. The methodology is outlined in the
flowchart (Fig. 2).

Result and discussion
Descriptive statistics

A measure of variability for each of the predictor vari-
ables used in this study is provided in Table 4. Substantial
variation was observed in the vegetation indices as well as
grain yield across the different rice varieties. The difference
between the maximum (6.80 t ha ') and minimum (2.40 t
ha ') rice yield across the studied varieties indicates the high
variability. In the case of VI, the highest CV was observed
for ExR (1259.96%), followed by GMR (92.04%), indi-
cating considerable variation across the treatments, while
RGBVI recorded the lowest CV i.e., 6.09%. Among the 17
indices, 7 indices (ExR, GMR, SCI, MGRVI, GRVI, VARI
and NDIg) were highly variable whereas 6 indices (ExG,
GLA, I, NDGBI, CI and ExB) were moderately variable and
three indices (RGBVI, b and H) recorded lower variability
as per the classification suggested by Wilding (1985).
Vegetation indices (VI) are valuable tools for predicting
crop yield, as they are highly sensitive to crop growth and
environmental stress. VIs enhances remote sensing image
interpretation through linear or nonlinear combinations of
spectral bands, playing a crucial role in crop growth moni-
toring by capturing variations in plant traits like chlorophyll
content, canopy structure, and LAI (Li et al. 2014; Xue
and Su 2017; Volpato et al. 2021; Tian et al. 2022). Several
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Generated 25 vegetation indices using R, G and B bands
with different combination

(Raster calculator function of QGIS /ArcGIS was used)

N .
V| VIF technique was used for variable selection ‘

Machine Learning Models

— |—GBM

Hyperparameter training and
accuracy assessment

Generated rice yield prediction map at test site

|: ANN :]
[

Splitting dataset into trainin,
—| " (80%) and testing (20%

SVM
— 1 :

‘Observed grain yield by harvesting and drying

Data of test site not used in model
building

Fig.2 Flow diagram explaining the overall methodology for yield prediction using drone mounted RGB sensor. RF (Random Forest), GBM (Gra-
dient Boosting Machine), SVM (Support Vector Machine), ANN (Artificial Neural Network)

Table 4 Descriptive statistics of the different variables used in the
study

Indices/yield mean  min max Standard  CV (%)
deviation
ExR -0.004 —0.13 0.17 0.06 1259.96
ExG 0.40 0.08 0.62 0.09 22.88
GLA 0.26 0.06 0.40 0.05 20.72
GMR 0.30 0.04 1.04 0.28 92.04
SCI -0.16 -0.29 0.02 0.06 36.14
MGRVI 0.31 -0.03 0.51 0.10 34.00
I 292.50 159.25 420.67 59.47 20.33
GRVI 0.16 -0.02 0.29  0.06 36.14
VARI 0.22 —0.02 036 0.08 35.77
NDGBI 0.20 —0.02 034 0.07 34.00
NDIg -0.16 —-0.29 0.02 0.06 36.13
RGBVI 0.79 0.56 0.89 0.05 6.09
b 0.21 0.16 0.28 0.02 9.50
g 0.47 0.36 0.54 0.03 6.48
H 0.68 0.48 0.86 0.07 10.06
CI 0.37 0.12 0.54 0.07 19.91
ExB -0.18 -03l1 0.03 0.05 29.49
Yield (tha ™) 4.64 2.40 6.80 0.94 20.24

ExR Excess red index, ExG Normalized excess green index, GLA
Green Leaf Algorithm, GMR Green minus red index, SCI Soil colour
index, MGRVI Modified green red vegetation index, / Intensity, GRVI
Green—Red Vegetation Index, VARI Visible Atmospherically Resis-
tant Index, NDGBI Normalized Difference Green—Blue Index, NDIg
Normalized red green difference index, RGBVI Red Green Blue Veg-
etation Index, B Normalized Blueness Intensity, g Green Percentage
Index, H Hue, CI Coloration indices, ExB Excess blue vegetation
indices

researchers (Zhang et al. 2020a, b; Fu et al. 2021; Liu et al.
2023) have used VIs for monitoring crop health and yield.

Bai et al. (2022) used two indices ExG and ExR involving
visible bands for crop monitoring. The significant variation
in vegetation indices (VIs) like ExR, ExG, GMR, SCI, and
others shown in Table 3 can be attributed to differences in
crop canopy structure, chlorophyll and nitrogen content in
rice leaves. A study conducted by Meena et al. (2020) found
that indices such as ExR and ExG, which measure excess
red and green were highly sensitive to chlorophyll levels
and plant vigor, resulting in greater variability. Additionally,
indices like MGRVI and VARI, which rely on green and red
bands, exhibit variability due to their sensitivity to leaf area
and canopy density (Ruwanpathirana et al. 2024).

Building machine learning models

In this study, RF, ANN, GBM and SVM models were devel-
oped to predict the rice yield from 17 vegetation indices
(predictor variables) (Sharma et al. 2023) (Fig. 3). The
non-linear relationship between the target variable (yield)
and predictor variables can potentially result in multiple
yield predictions for a single vegetation index value and
consequently pose challenges in precisely determining
yield (Probst et al. 2019; Yang and Shami 2020). There-
fore, fine-tuning of hyperparameters was performed in all
the Machine learning models (ML), which is required to
avoid overfitting, prediction accuracy and ensure systematic
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(a) RF

(b) GBM

(c) SVM (d) ANN

0.02

0 0.01 0.04 Kilometers

N

A

(e) Actual yield

Yield (t ha')
Bl <4
. 44-50
B so

Fig. 3 Prediction maps for the testing plot using a RF (Random Forest), b GBM (Gradient Boosting Machine), ¢ SVM (Support Vector Machine),

d ANN (Artificial Neural Network) model, e Actual yield

representation of the data. The ‘randomForest’ package in R
software was used to develop the RF model (Breiman 2001;
Prasad et al. 2021). Bootstrap aggregation (bagging) func-
tion (Shahhosseini et al. 2020) was employed to incorpo-
rate feature randomness at each node. The model was tuned
using ‘tuneRF’ function with n,,, values ranging from 10
to 100 in increments of 10, to determine the most effective
model. The best model was identified based on minimum
Out-of-Bag (OOB) error (Sitienei et al. 2023) of 0.85, opti-
mal number of n trees as 100 and ‘mtry’ value was set at 3,
considering 3 variables at each split (Breiman 1996; Mohite
et al. 2023).

The ANN model was built using “nnet” package (Rip-
ley 2013; Tripathi et al 2024) and was optimized using the
caret package. The final model was configured with setting
the number of neurons to 3, weight decay values of 0.01
(size=5), the value of weight decay parameter offset at
0.001 and maxit=4000 (Bishop 2006; Huber et al. 2024.), a
fivefold cross-validation technique was used during model
training. (Tripathi et al. 2024) and "rprop +" algorithm with
a threshold value of 0.1. By using “e1071” package SVM
model was developed in R software and was tuned using
radial kernel function, grid search and cross-validation
technique for robust evaluation and outlier detection of data
(Mammone et al. 2009; Zhao et al. 2024). The gamma val-
ues ranged from 27! to 27'°, while cost values were evalu-
ated between 21 and 210. The best model was identified

@ Springer

with a value 2 as cost parameter, 0.125 as gamma value, and
0.1 as epsilon value.

The GBM model was trained using the “caret” package
(Demir et al. 2024). The developed model was tuned using
“mlr” package and “tune ()” function to handle various types
of data and the effects of outliers among predictor variables
(Hastie et al. 2009; Kakati et al. 2022). The optimal model
was created by configuring the parameters with 2,000 deci-
sion trees, an interaction depth of 1, a shrinkage parameter
(Liu et al. 2024) of 0.01, minimum number of observations
5 and a bag fraction of 0.5 using threefold cross-validation
to enhance robustness and prevent overfitting.

Validation of the trained models and predictions

The machine learning models were validated using data
from test plots that was not involved in model building pro-
cess. Among the four tested models, RF had higher predic-
tion accuracy (RMSE: 0.27 tha™ ', MAE: 0.22, MAPE: 5.32,
NRMSE: 6.18%) compared to other three models i.e. GBM,
ANN and SVM. The prediction accuracy of the four mod-
els was evaluated using RMSE, MAE, MAPE and NRMSE
values, as shown in Table 5.

The predicted rice yield (t ha™') for the RF model in the
test plots varied between 3.16 and 5.50, whereas the GBM,
ANN, and SVM models ranged from 3.38 to 5.26, 3.36 to
5.50, and 3.19 to 5.88 (Fig. 3), respectively. Wang et al.
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Table 5 Accuracy parameters of machine learning models used for
prediction of rice yield using drone mounted RGB sensors

Model RMSE MAE MAPE NRMSE
(tha (%)
Support Vector Machine 0.69 0.57 14.34 15.81
Random Forest 0.27 0.22 5.32 6.18
Artificial Neural Network 0.65 0.56 13.60 14.89
Gradient Boosting Machine ~ 0.50 042 10.15 11.45

model

RMSE Root mean square error, MAE Mean absolute error, MAPE
Mean absolute percentage error NRMSE Normalised root mean
square error

(2022) used RGB sensor imagery to estimate rice aboveg-
round biomass, with an R? of 0.81 and RMSE of 0.20. Simi-
larly, Yamaguchi et al. (2020) used the combination of Deep
learning methods along with RGB imageries and achieved
enhanced prediction accuracy with R? of 0.96 and RMSE
of 0.33 for Yield and LAI. Shiri et al. (2012) found that
Random Forest outperformed other machine learning tech-
niques in predicting corn yield, while Kuhnert et al. (2018)
showed that Random Forest could accurately forecast wheat
yield in Australia for complicated nonlinear problems,
which reduces the influence of limited or anomalous data by
randomly choosing samples to generate several classifiers
(Pan et al. 2023).

Random Forest is not reliant on statistical assumptions
and the need for extensive preprocessing, and it exhibits
lower variance compared to a single decision tree (Zhu
2020). It effectively prevents overfitting and supports dif-
ferential class weighting, outlier detection, and missing
value imputation (Sharma et al. 2023). In contrast, some
other machine learning algorithms face challenges such
as insufficient sample sizes, data errors, and limitations in
extrapolation, continuity, and smoothness when performing
regression modeling on logged data (Ao et al. 2019). The
accuracy of Random Forest can be attributed to its resil-
ience against overfitting and its capacity to capture non-
linear relationships between environmental variables (e.g.,
temperature, rainfall) and crop yields (Kuradusenge et al.
2023). Similar to results of this study, other researchers
(Singh and Singh 2017; Bhuyan et al. 2018; Sharma et al.
2023) also found RF model to be more accurate as com-
pared to other ML methods (GBM, ANN and SVM) for
estimating crop yield due to the robustness against overfit-
ting (Zha et al. 2020). However, the efficacy of the ANN,
GBM and SVM models in capturing complex relationships
establishes them as a potent tool in crop yield predictive
modelling, particularly when dealing with non-linear along
with high-dimensional datasets due to their ability to cap-
ture higher-order interactions between predictors, as well as
nonlinear relationships between predictors and target vari-
able (Moghri et al. 2015; Jamshidi et al. 2016; Kelley et al.

2020; Sampaio et al. 2021; Shah et al. 2021; Alshari et al.
2023; Martinho 2023).

The differences in R-squared values across the models
(Fig. 4) reflect their ability to capture and handle the com-
plex, non-linear relationships that are typically encountered
in predicting crop yield. The strong performance of RF
model aligns with findings from previous studies (Jeong et
al. 2016; Khaki & Wang 2019; Charoen and Mittrapiyanu-
ruk 2018; Klompenburg et al. 2020), which also reported
the effectiveness of RF in yield prediction. The studies have
shown that RF models tend to outperform other machine
learning techniques like Support Vector machine (SVM)
and Polynomial Regression (PR) in predicting yields for
crop such as maize and wheat (Bhatnagar and Gohain 2020;
Zhang et al. 2020a, b; Li et al. 2023).

In this study, both the GBM and SVM ML models exhib-
ited moderate performance. The ANN model exhibited the
lowest performance, indicating its relatively low predic-
tive accuracy. Other researchers (Chandrashekar and Sahin
2014; Hira and Gillies 2015; Sanz et al. 2018) have also
utilized Random Forests and Support Vector Machines in
the environmental and agronomical studies.

Similar studies that have explored models like SVM and
ANN have also reported mixed results in terms of prediction
(Matsumura et al. 2015; Crane-Droesch 2018; Ju et al. 2019;
Ahmad et al. 2018). However, the superior performance of
the RF model in this study, and in others, highlights its abil-
ity to handle complex, non-linear relationships and large
datasets. The moderate predictions of the SVM and GBM
models can be useful in specific contexts, but RF remains
the most reliable model for robust rice yield prediction.

Variable importance

The variable importance of 17 vegetation indices (VIs)
which were used in four models SVM, RF, ANN, and GBM,
was analyzed based on the Gini impurity index (Godara et
al. 2022) (Fig. 5). Among the top predictors of rice grain
yield across these models were CI, I, and GMR. Notably,
CI and I emerged as crucial in the RF and GBM models,
while GMR played a key role in the ANN and GBM models.
Moderately important indices included H, ExB, and ExR,
contributing to prediction accuracy in models like SVM
and ANN. On the other hand, indices such as g, VARI, and
NDIg consistently ranked lower in importance, having min-
imal influence on yield prediction across all models.

The dominance of CI, I, and GMR as top predictors across
multiple models is likely due to their close association with
chlorophyll content, which is a key indicator of plant health
and photosynthetic efficiency (Abdullah et al. 2019). Chlo-
rophyll concentration reflects a plant’s ability to carry out
photosynthesis, making it an essential predictor of crop
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yield. As highlighted in previous studies, CI is highly sensi-
tive to stress factors like drought, capturing early declines in
chlorophyll and, consequently, crop vitality (Abdullah et al.
2019; Qiao et al. 2022). This aligns with our results, where
CI ranked highly across models, emphasizing its value in
yield prediction under varying environmental conditions.
The intensity index (I) also emerged as a robust predictor,
integrating reflectance across all visible bands (R, G, B)
to provide a comprehensive measure of canopy health and
structure. This aligns with findings by Ge et al. (2021a, b),
which suggest that the intensity index is particularly effec-
tive in yield prediction due to its ability to capture spectral
information from the entire canopy, offering insights into
crop biomass and vigor.

Hue (H), which represents the dominant wavelength
of reflected light, is highly sensitive to variations in plant
health and chlorophyll content, making it a valuable predic-
tor for yield, particularly in rice where subtle shifts in leaf
color can indicate physiological stress or nutrient deficiency
(Zakaluk 2008; Montanaro et al. 2023). Meanwhile, ExR
and ExB, which capture early growth-stage data, help detect
stress factors such as water or nutrient deficiency that can
affect yield. Early-stage sensitivity, especially during tiller-
ing to booting stages, allows for the timely identification of
growth conditions that influence final grain yield (Zhou et
al. 2017; Killeen et al. 2024). Conversely, indices like VARI
and NDIG exhibited lower importance, likely due to the sat-
uration effect they experience during the late growth stages.
As observed by Zhou et al. (2017), the increasing yellowing
of leaves and the emergence of panicles at heading and fill-
ing stages reduced the predictive power of VARI. Similarly,
NDIg reduced sensitivity during periods of dense canopy
growth could explain its diminished importance, as it is less
effective in capturing subtle stress signals compared to other
indices (Qiao et al. 2022).

Conclusion

This study developed rice yield estimation models using
drone-based RGB imagery, marking an innovative approach
to yield prediction. By integrating vegetation indices
extracted from RGB images, ML models: RF, SVM, ANN
and GBM were developed for rice yield prediction. Among
these, the Random Forest model showed the highest perfor-
mance with an R? of 0.90 and an RMSE 0of 0.27 t ha™', dem-
onstrating its robustness in accurately predicting rice yield
from spectral inputs. These results underscore the practical
utility of low-cost drone-mounted RGB sensors for real-
time and non-invasive yield prediction, offering significant
advantages for early decision-making in agriculture. Accu-
rate pre-harvest yield forecasts can be a transformative tool

for stakeholders, including insurance companies and poli-
cymakers, facilitating risk management and enabling more
precise policy interventions based on actual crop conditions.
While the study provides valuable insights, it remains a pre-
liminary investigation conducted in tropical lowland rice
using RGB sensors. Using low cost RGB sensors for detect-
ing physiological changes across different rice crop growth
stages still remains a challenge. Also, the generalizability
of the developed ML models may be limited by region-
specific crop phenology, different crop management prac-
tices and variable soil-climate interactions. More research
work needs to be conducted incorporating multi-season and
multi-location data to improve model accuracy, reliability,
generalizability and reduce overfitting. Furthermore, the
fusion of RGB, multispectral and thermal sensor data may
be used to enhance the predictive accuracy. This study high-
lights the feasibility of using drone imagery to monitor crop
growth and yield efficiently, providing an opportunity for
its application in diverse agricultural systems. Drone-based
technology has the potential to transform crop monitoring
and yield forecasting, making it a powerful tool for improv-
ing agricultural productivity and management strategies.
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